The 16S rRNA gene (16S) is an accepted marker of bacterial taxonomic diversity, even though differences in copy number obscure the relationship between amplicon and organismal abundances. Ancestral state reconstruction methods can predict 16S copy numbers through comparisons with closely related reference genomes; however, the database of closed genomes is limited. Here, we extend the reference database of 16S copy numbers to de novo assembled draft genomes by developing 16Stimator, a method to estimate 16S copy numbers when these repetitive regions collapse during assembly. Using a read depth approach, we estimate 16S copy numbers for 12 endophytic isolates from Arabidopsis thaliana and confirm estimates by qPCR. We further apply this approach to draft genomes deposited in NCBI and demonstrate accurate copy number estimation regardless of sequencing platform, with an overall median deviation of 14%. The expanded database of isolates with 16S copy number estimates increases the power of phylogenetic correction methods for determining organismal abundances from 16S amplicon surveys.
Plummeting DNA sequencing costs have allowed insight into the remarkable diversity of the microbial world. The 16S rRNA gene (16S) dominates marker gene studies of bacterial and archaeal diversity, owing to its ubiquity, sequence conservation, and variable regions that allow taxonomic discrimination. However, given that 16S copy number can vary from 1-15 copies (Lee et al., 2009) , organismal abundances could be grossly misestimated, producing incorrect diversity estimates (Kembel et al., 2012) .
Two methods have emerged to normalize 16S amplicon counts based on copy numbers (Kembel et al., 2012; Langille et al., 2013) . Both methods compare observed 16S sequences with a reference database of closed genomes to find related isolates with known copy numbers. An ancestral state is calculated and used to predict the 16S copy number of the organism in question. The accuracy of these methods depends on the relatedness between the observed and reference sequences, with prediction accuracy sharply declining with increasing genetic distance (Langille et al., 2013) . A larger and more diverse reference database would improve 16S copy number predictions, especially for samples originating from poorly characterized environments.
There are currently~3200 closed and~26 000 draft bacterial genomes deposited in NCBI. Copy numbers for closed genomes are accessible in the Ribosomal RNA Database (rrnDB; Stoddard et al., 2014) , but no such database exists for draft genomes because of difficulties in resolving copy numbers of highly conserved, repetitive genomic regions. Assemblies frequently contain the 16S in a single, overrepresented contiguous sequence fragment (contig). Although computational methods have emerged to identify and quantify copy number variation using next-generation sequencing data (Zhao et al., 2013; Periwal and Scaria, 2014) , these approaches are either designed for polyploids or do not provide the necessary sensitivity for 16S copy number quantification. Of these methods, read depth approaches have shown the most promise (Brynildsrud et al., 2015; Greenblum et al., 2015) , but they have not been optimized for draft genomes comprising many contigs.
Building on read depth approaches, we demonstrate accurate and precise quantification of 16S copy number from draft genomes using the 16Sti-mator pipeline (Supplementary Figure 1) . Accuracy was assessed by application to de novo assemblies of 12 endophytic bacterial isolates collected from Arabidopsis thaliana leaves, and copy number confirmation by qPCR. We then apply our method to the raw sequence data of draft genomes deposited in NCBI. Thus, we have drastically increased the number of species with estimated 16S copy numbers, thereby improving phylogenetically based abundance estimation. All custom scripts are publicly available at https://bitbucket.org/perisin/ 16stimator.
For 16S copy number estimation from de novo assemblies, paired-end sequencing reads were generated for short and long-insert libraries using the Illumina HiSeq 2000 platform (San Diego, CA, USA). Quality-checked reads were assembled (Supplementary Methods) and sequence data submitted to NCBI (WGS and SRA databases, Supplementary Table S1). After annotation by RAST (Aziz et al., 2008; Overbeek et al., 2013) , we extracted the positions of 16S and 73 single-copy, conserved genes (Sharon et al., 2013) . Alignment of sequencing reads back to the assembly allowed for calculation of read depth at each genomic position (Supplementary Methods). If there was partial resolution of 16S copies, as demonstrated by multiple 16S locations, we combined the read depths for these regions. We further divided each gene into non-overlapping windows, based on read length, and extracted read depth for each window. Read depth is commonly biased by GC% (Yoon et al., 2009; Ross et al., 2013 ), so we first tested for bias by fitting a linear model to read depths from single-copy gene windows. If there was a significant GC% effect, we used the model parameters to correct single-copy and 16S read depths (Supplementary Methods). As coverage can be quite variable, we estimated 16S copy number by dividing the median read depth of 16S windows by the median read depth of the singlecopy conserved gene windows. We assessed the confidence of these estimates using permutations or asymptotic distribution-free confidence intervals (Price and Bonett, 2002 ) (PB), and independently confirmed copy numbers for endophytes by qPCR ( Figure 1 ). Absolute quantification of 16S and singlecopy genes was performed for genomic DNA and controls that contained a 1:1 ratio of 16S to singlecopy gene (Lee et al., 2008) .
To test the computational pipeline, we processed similarly generated sequencing reads for Escherichia coli TY-2482 (GCA_000217695.2, SRR292678, SRR292862), Bacteroides fragilis HMW 615 (GCA_000297735.1, SRR488169, SRR488170), Pseudomonas aeruginosa PAO1 (GCA_000006765.1, SRR032420, SRR032832) and Staphylococcus aureus KPL1828 (GCA_000507725.1, SRR835799, SRR958927). These isolates have closed genomes or are closely related to isolates with closed genomes. As demonstrated in Figure 1 , 16Stimator accurately estimates 16S copy numbers. The confidence of each estimate varies and depends on sequencing coverage variability within the 16S and single-copy gene regions. The permutation method for generating confidence intervals captures this variability to a greater extent than the PB method, which assumes the ratio of coverage medians is asymptotically normal and thereby lessens the influence of outliers.
To extend the database of genomes and draft genomes with known 16S copy numbers, we applied 16Stimator to all annotated genomes with corresponding SRA sequence reads that were published in NCBI by November 25, 2014 Table S2 ). To test the accuracy of our method, we compared 16Stimator estimates with actual copy numbers for closed genomes and observed a strongly positive, linear correlation ( Figure 2a , r 2 = 0.82 (0.75, 0.87), P = o2e-16). The median absolute proportional deviation of our estimates to the actual copy numbers was 0.14. Furthermore, we found consistent reliability across sequencing technologies, except for estimates generated from the Illumina HiSeq 1000, Ion Torrent PGM and PacBio RS; note that there are few published draft genomes with corresponding sequencing reads for these platforms (Figure 2b) . The large spread of points for the Illumina MiSeq category corresponds to estimates for Listeria monocytogenes. Though the genomes analyzed were annotated to have six 16S copies, rrnDB lists completed genomes with five or six copies (Stoddard et al., 2014) . This variation in true copy number increases the variation in the differences between our estimates and the actual copy numbers. Further, we observed effects on the accuracy of our estimates due to interactions between low sequencing coverage and GC correction of read depths (Supplementary Figure 4) . For lowcoverage sequencing libraries with GC correction, we underestimated copy numbers by 1-2 copies. For low-coverage sequencing libraries without GC correction, we overestimated copy numbers by 1-5 copies. These libraries did not meet the thresholds for GC correction and provide future grounds for improvement of our method. Though this bias seems specific to L. monocytogenes MiSeq sequencing, we have included options in our scripts to calculate copy numbers with or without corrections so each researcher can better judge GC effects on 16S copy number estimation.
Ancestral reconstruction methods currently rely on a reference database of closed genomes, primarily human-associated microbes, to generate accurate metagenome predictions and abundance corrections from 16S amplicon surveys. The accuracy of these methods decreases with sequence divergence to reference, described by Langille et al. (2013) as nearest sequenced taxon index (NSTI). 16Stimator can fill holes in the reference database by generating 16S copy number estimates from draft assemblies, obviating the need to fully close each genome. Alternatively, ancestral reconstruction methods could predict 16S copy number for a single genome based on its 16S sequence relatedness to reference, closed genomes. From cross-validation of 16S copy number estimation, Langille et al. (2013) showed PICRUSt accuracy decreased with increasing NSTI. As our estimates are solely based on sequencing reads from a single genome, without comparison with references, they do not suffer from decreased performance with increasing NSTI. When we compared our method with PICRUSt for Greengenes 99% OTU copy number predictions (McDonald et al., 2012) , Figure 1 16S copy number estimates from de novo assemblies. For each endophytic isolate, paired-end sequencing reads (R1, R2) were generated on the Illumina HiSeq 2000 from short (~250 bp) and long (~2500) insert libraries (Short_Ins and Long_Ins, respectively). For closed-genome controls, similarly generated sequencing reads were downloaded from SRA: Escherichia coli TY-2482 (GCA_000217695.2, SRR292678, SRR292862), Bacteroides fragilis HMW 615 (GCA_000297735.1, SRR488169, SRR488170), Pseudomonas aeruginosa PAO1 (GCA_000006765.1, SRR032420, SRR032832) and Staphylococcus aureus KPL1828 (GCA_000507725.1, SRR835799, SRR958927). The 16Stimator pipeline was used to estimate 16S copy number as the ratio of median coverage for 16S and single-copy genes. Confidence intervals (95%) were either calculated as in Price and Bonett (2002) (PB), or via permutations (Perm). For endophytic isolates, 16S copy numbers were independently verified by absolute quantification via qPCR with the mean and standard deviation of technical replicates shown. For closed-genome controls, each horizontal line marks the rrnDB (Stoddard et al., 2014) consensus 16S copy number for each species. Note: the short-insert library for MEDvA23 and the long-insert library for MEB061 did not meet quality thresholds. 16S copy number was not experimentally determined by qPCR for E. coli TY-2482, B. fragilis HMW 615, P. aeruginosa PAO1 and S. aureus KPL1828.
16S rRNA gene copy number estimation M Perisin et al there was an overall positive correlation between estimates (Pearson correlation coefficient = 0.50, Po0.001), but this correlation deteriorates with NSTI ( Supplementary Figure 2) . We did not observe an effect of NSTI or phylogeny on confidence interval size for our estimates for the Greengenes OTUs (Supplementary Figure 3 and 5, respectively). We therefore conclude that 16Stimator provides more accurate estimates than PICRUSt for 16S copy number prediction from single genomes. Nevertheless, ancestral reconstruction methods provide remarkable insight into the metagenomic potential of a sample based on the observed 16S amplicons (Kembel et al., 2012; Langille et al., 2013) . Our 16Stimator pipeline has drastically increased the number of bacterial species and strains with estimated ribosomal copy numbers. This expanded database will increase the power of ancestral state reconstruction methods for metagenome predictions and organismal abundance corrections for 16S amplicon surveys. We recommend that this method be applied to new genome submissions in NCBI to continually expand the database. As sequencing costs decline and read lengths increase, we envision higher quality genome assemblies with fully resolved repetitive regions. Nevertheless, our estimates greatly enhance the database now and provide an interim means to continue improving it.
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